
Chapter 14 
Covariate Adjustment in Analyzing 
Randomized Clinical Trials: Approaches, 
Software, and Application 

Jiajun Liu, Xiaofei Wang, and Herbert Pang 

14.1 Introduction 

Compared with observational studies, randomized clinical trials (RCTs) have the 
advantage of randomization, which theoretically eliminates confounding issues by 
ensuring the balance of measured or unmeasured confounders among treatment 
groups in treatment effect estimation. However, a perfect balance of covariates is 
not guaranteed in practice due to the restrictions of the randomization algorithms, 
specifically in clinical trials with small sample sizes and other systematic reasons 
(Wei & Zhang, 2001; Morris et al., 2022). The imbalance of covariates may mask 
and distort the real treatment effect in the overall population, especially when these 
covariates are strong prognostic factors for the measured outcome. This bias in 
estimating treatment effect will have a negligible impact when the within-subgroup 
treatment effect is of interest but becomes critical when studying heterogeneity 
across subgroups or regions (Greenland et al., 1999). Therefore, the so-called 
“gold standard” RCTs are also expected to gain more efficiency in treatment effect 
evaluation. Extensive literature has been published to advocate covariate adjustment 
in RCT studies as a practical way to improve the efficiency of treatment group 
comparisons and reduce estimation bias (Hauck et al., 1998; Hernández et al., 2004; 
Tsiatis et al., 2008; Turner et al., 2012; Kahan et al., 2014; FDA,  2023). 

Before conducting covariate adjustment analyses of RCTs, several aspects should 
be considered. Treatment effects are usually discussed from two perspectives, 
namely unconditional (marginal) treatment effects and conditional treatment effects. 
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Unconditional treatment effects, which characterize overall efficacy in favor of 
regulatory policy improvement, are preferred when studies are designed to infer 
population-level treatment effects (Diggle et al., 2002; Tsiatis et al., 2008). There-
fore, unconditional treatment effects are more likely to be the main focus of studies 
that aim to confirm the efficacy of a new treatment in the overall population. Another 
reason for choosing the unconditional treatment effect is that its estimation does 
not require parametric model assumptions (Colantuoni & Rosenblum, 2015). The 
average treatment effect (ATE) is a typical example of an unconditional treatment 
effect, i.e., the outcome of interest is not conditional on baseline covariates, 
but rather measures the treatment effect at the population level. In comparison, 
conditional treatment effects restrict the effect of interest on a subgroup and quantify 
the subgroup-specific treatment effect. Thus, conditional estimands provide great 
support for examining the relationship between treatment effects and covariates, 
which contributes to subgroup analyses and precision medicine research. Con-
sidering that different estimands used in covariate adjustment analysis may lead 
to different interpretations and conclusions of the treatment effect, it is generally 
recommended to prespecifying the estimand of treatment effect, including the 
statistical estimator and its inference population (FDA, 2023). In this chapter, 
since we aim to discuss covariate adjustments in the overall population, our focus 
is on covariate adjustment for unconditional treatment effects. In addition, the 
identification of treatment effect estimand is not separate from the type of outcome, 
which also affects the choice of methods for implementing covariate adjustment 
analyses. For example, for binary outcomes, the regression method we will review 
later is not appropriate for targeting unconditional estimates but directly applies to 
conditional treatment effects. The discordance of inferences between conditional 
and unconditional estimands results from non-collapsibility, which explains why 
odds ratio (OR) for binary outcome or hazard ratio (HR) for survival outcome may 
have different conclusions when targeting the overall population and subpopulation 
conditional on covariates (Daniel et al., 2021; Didelez & Stensrud, 2022; FDA,  
2023). Therefore, careful consideration and specification of the type of outcome 
before carrying out covariate adjustment analysis are also encouraged. 

While covariate adjustment has the potential to improve efficiency, some con-
cerns still come with it, which may result from inappropriate covariate selection. In 
general, covariate adjustment refers to adjusting for those factors measured before 
randomization, i.e., baseline covariates. Including post-baseline covariates has been 
shown to cause selection bias (Hernán et al., 2004; Van Lancker et al., 2023). 
Also, previous studies indicate that the strength of applying covariate adjustment 
is diminished if the selected covariates are not strongly predictive of the outcome 
of interest (Kahan et al., 2014; Tackney et al., 2023; Van Lancker et al., 2023). 
Prognostic factors associated with the outcome can contribute to better utilization 
of data when measuring treatment effect (European Medicines Agency, 2015; 
Van Lancker et al., 2023; FDA,  2023). Even if there is a correlation between 
covariates, the efficiency gain due to covariate adjustment does not decrease (Wang 
et al., 2019; Morris et al., 2022). Several authors have explored variable selection 
approaches, such as those involving machine learning, LASSO regression, and other
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modern selection methods in the context of covariate adjustment (Tian et al., 2012; 
Yuan et al., 2012; Chernozhukov et al., 2018; Williams et al., 2022), but we will not 
delve further into this issue. 

In this book chapter, we review and discuss four commonly used statistical 
methods for covariate adjustment in RCTs, including regression, G-computation, 
inverse probability treatment weighting (IPTW), and augmented inverse probability 
treatment weighting (AIPTW). Regression is a straightforward method that captures 
the relationship between treatment and outcome by incorporating covariates to be 
adjusted into the outcome model. Whether the outcome is binary or continuous, 
direct regression and analysis of covariance (ANCOVA) are generally named regres-
sion methods (Tackney et al., 2023). The regression approach is consistent with its 
conditional inference characteristic, which favors when the conditional estimand 
of treatment effect is of interest (Tsiatis et al., 2008; Jiang et al., 2019; Tackney 
et al., 2023). For unconditional estimands that characterize mean differences, such 
as ATE, the method is shown to be consistent and robust to model misspecification 
(Yang & Tsiatis, 2001; Lin,  2013; Wang et al., 2019). To pursue a more efficient and 
robust estimation of unconditional treatment effects, the G-computation has been 
proposed and proven to be insensitive to model misspecification (Robins, 1986; 
Moore & van der Laan, 2009; Austin et al., 2010; Steingrimsson et al., 2017). The 
G-computation was further generalized to nonlinear models and was shown to be a 
consistent estimator (Bartlett, 2018). IPTW was initially applied in observational 
studies to deal with the imbalance of covariates and was later found to be also 
applicable to covariates adjustment in RCTs as well (Rosenbaum & Rubin, 1983; 
Williamson et al., 2014; Shen et al., 2014; Zeng et al., 2020). The IPTW method 
employs a weighting concept that avoids modeling the outcome and instead adjusts 
for covariates at the stage of estimating individual propensity scores. In addition, 
AIPTW was proposed to achieve double robustness and improve the estimation 
efficiency that can be seen by the smaller asymptotic variance (Robins, 1999; Glynn 
& Quinn, 2010; Kurz, 2022; Tackney et al., 2023). 

Except for the aforementioned methods of covariate adjustment to be reviewed 
in this chapter, there exist other non-parametric and semi-parametric methods for 
covariate adjustment in RCTs. For example, Koch et al. (1998) proposed a non-
parametric ANCOVA method that avoids modeling in covariate adjustment for 
average treatment effect estimation. Such non-parametric method does not require 
complex assumptions, easily works with computation, and can also apply to multiple 
types of outcomes. Tsiatis et al. (2008) showed that the non-parametric ANCOVA 
method is asymptotically equivalent to the IPTW method. 

Despite the vast literature on the theory of covariate adjustment and related 
technical details, practical tutorials on how to perform covariate adjustment for 
RCTs remain scarce. Therefore, we review and compare the four commonly used 
methods to assist statisticians and clinical trialists in choosing a proper covariate 
adjustment approach. We present a three-stage workflow on how to conduct 
covariate adjustment in RCTs as a guide. For illustration, the four methods are then 
applied to a real data example studying the effectiveness of adjuvant chemotherapy 
in patients with non-small-cell lung cancer.
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This book chapter is organized as follows. In Sect. 14.2, we introduce a moti-
vating example of exploring the adjuvant chemotherapy effect to reduce the risk 
of disease current after surgery resection in early-stage NSCLC. Then, we review 
and compare the relative performance of four widely used methods, including 
regression, G-computation, IPTW, and AIPTW in Sect. 14.3. Sect. 14.4 reviews 
useful R packages for covariate adjustment analysis. In Sect. 14.5, we present a 
workflow of covariate adjustment analysis to help with implementing covariate 
adjustment in practice. To illustrate how these methods can be applied in practice, 
we apply these four methods to the data of the motivating example in Sect. 14.6. 
Inference results before and after covariate adjustment are also compared. Sect. 14.7 
discusses the implications of covariate adjustment and several issues not covered in 
the main chapter. 

14.2 Motivating Example 

CALGB 9633 was conducted to investigate if adjuvant chemotherapy would benefit 
patients with stage 1B resected non-small-cell lung cancer (NSCLC) (Strauss et al., 
2008). Stage 1B NSCLC is the T2N0M0 tumor that is greater than 3 cm and has 
not spread to the lymph nodes and/or other parts of the body. CALGB 9633 is 
the only phase III randomized trial conducted to evaluate the effect of adjuvant 
chemotherapy in this patient population. A total of 344 patients were randomized to 
adjuvant chemotherapy versus observation with equal allocation. 

In the final analysis, the median follow-up was 74 months, and 155 deaths were 
observed. The primary endpoint overall survival was not significantly different (HR: 
0.80, 95% CI: 0.61–1.07, p-value: 0.132), and the HR for disease-free survival was 
0.81 (95% CI: 0.62–1.06, p-value: 0.129), which was also non-significant. The 
supplementary analysis demonstrated a significant survival difference in favor of 
adjuvant chemotherapy for patients with tumors over 4 cm (HR: 0.66, 95% CI: 
0.44–0.99, p-value: 0.045). After the survival time is dichotomized by 3 years, 
i.e., if survival time is less than 3 years, the outcome variable is coded as 1, 
otherwise, it is coded as 0. The unadjusted OR is 0.61 (95% CI: 0.36–1.01, p-
value: 0.054), which fails to present a significant difference. In addition, Table 14.3 
presents some imbalances across two groups among baseline covariates, such as 
Performance Status, White Race, and Symptoms Presence. The small trial size also 
forbids a meaningful evaluation of how risk factors, e.g., tumor size and age, modify 
treatment effects (Katz & Saad, 2009). While the current guideline for treating stage 
1B NSCLC is mainly based on its findings, there is a persistent scientific interest to 
know if the benefit of adjuvant chemotherapy is established with higher estimation 
precision and statistical power by using the covariate-adjustment methods to design 
and analyze the critical trial while maintaining more or less the same sample size. 
In this chapter, we would like to use this trial to demonstrate how to conduct 
a covariate adjustment analysis on the observed individual patient data from an 
RCT. In particular, we would like to illustrate how to apply the reviewed covariate
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adjustment methods to improve the estimation efficiency of the average treatment 
effect of adjuvant chemotherapy. 

14.3 Methods for Covariate Adjustment 

In this section, we reviewed several commonly used statistical methods for conduct-
ing covariate adjustment, including regression, G-computation, IPTW, and AIPTW. 
These methods are illustrated in terms of the binary and continuous endpoints. Much 
of the principles underpinning these methods remain applicable to time-to-event 
endpoints, while the covariate adjustment of the time-to-event endpoint follows a 
similar but different framework and concept. The covariates vector X identifies the 
covariates that we aim to adjust. In terms of treatment arms Z, we mainly consider 
a binary treatment, i.e., .Z = 1 is the treatment under study and .Z = 0 implies the 
control treatment. A common marginal estimand with a continuous outcome is the 
difference in the mean outcome between two arms, i.e., .E(Y |Z = 1)−E(Y |Z = 0). 
It was found that covariate adjustment in RCT not only achieved higher power for 
continuous outcome but also contributed to the power increase for binary outcome 
(Hauck et al., 1998; Hernández et al., 2004). However, the decision of estimands for 
binary endpoints is more complicated. Common choices for estimands of treatment 
effect for binary endpoint are odds ratio (OR), risk ratio (RR), and risk difference 
(RD). Different choices lead to different interpretations and sometimes inconsistent 
conclusions (Feng et al., 2016). Let .P(Y = 1|Z) denote the risk of binary outcome 
.Y = 1 for treatment Z. As a measure of absolute treatment effect, RD indicates 
the difference in mean probability, .P(Y = 1|Z = 1) − P(Y = 1|Z = 0). RR  
is .P(Y=1|Z=1)

P (Y=1|Z=0) and OR is .P(Y=1|Z=1)/P (Y=0|Z=1)
P (Y=1|Z=0)/P (Y=0|Z=0) . We discuss how to apply the 

methods of covariate adjustment for binary outcomes in Sect. 14.4 and the workflow 
in Sect. 14.5. 

14.3.1 Regression 

In comparison to other covariate adjustment methods, regression is a conditional 
inference procedure commonly used in covariate adjustment practice (Tsiatis et al., 
2008; Jiang et al., 2019; Tackney et al., 2023). After identifying a set of covariates 
to be adjusted, the outcome model is fit by including these baseline covariates 
as model terms, which demonstrates the ease of implementing this approach. 
This type of method is sometimes called ANCOVA for continuous outcomes 
and direct regression for binary outcomes. Tackney et al. (2023) recommended a 
harmonization by referring to them both as regression methods. 

In addition to its accessibility, the regression method was proven to be not 
sensitive to a misspecification of the linear outcome model and remains valid when 
the inference of average treatment effect is of interest (Yang & Tsiatis, 2001;
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Lin, 2013; Wang et al., 2019). Yang and Tsiatis (2001) proved that the regression 
estimator for the treatment effect was consistent even if the linear outcome 
model was misspecified, and this consistency property was further extended to 
the estimation of standard error (Wang et al., 2019). This advantage enables the 
regression estimator as a pragmatic method in applications because the relationship 
between the outcome and covariates is not guaranteed to be linear. Furthermore, 
the inclusion of interaction terms between treatment and covariates, as well as the 
incorporation of higher terms based on the prior knowledge of the covariates, does 
not affect the consistent inference of average treatment effect, and this property 
allows an exploration of a wide range of models without worrying about the 
consistency of treatment effect estimation. Specifically, for continuous outcome, the 
linear regression model of the marginal average treatment effect is: 

.E(Y |Z,X) = α + βZ + γX, (14.1) 

where . β̂ is the treatment effect. A more complicated model can be constructed by 
including polynomial terms for covariates and interaction terms of treatment by 
covariates, and the formulation of such a model is required to be predetermined 
(FDA, 2023). 

For binary outcome, while the coefficient of the treatment effect term under the 
nonlinear model is not aligned with the estimand of interest, e.g. the marginal 
odds ratio, the regression method is helpful because if specified correctly, one 
can indirectly obtain an estimate of the target estimand of the treatment effect 
(Jiang et al., 2019). The regression approach specializes in conditional treatment 
effect estimation, and while it applies to marginal treatment effect for continuous 
outcomes, it is not practical for marginal measures of nonlinear models, such as 
binary and ordinal outcomes. Even if the regression method is appropriate for the 
estimation of conditional measurement under nonlinear models, the corresponding 
inference is sensitive to model specification. If the nonlinear model is incorrectly 
specified, which is common in practice, the interpretation of the results derived from 
this approach becomes ambiguous and challenging. 

This inconsistency between marginal and conditional estimands can be explained 
by non-collapsibility (Agresti & Kateri, 2011). Specifically, non-collapsibility exists 
when the estimates of conditional measurements are the same for all subgroups, but 
the marginal estimate presents quantities that differ from the conditional estimates. 
OR and HR are two common measurements with the feature of non-collapsibility, 
whereas RD and RR are considered collapsible (FDA, 2023). Therefore, for binary 
outcomes, the regression approach is capable of estimating the conditional treatment 
effect but not the marginal treatment effect. Due to this limitation, we only give the 
conditional estimates of the binary outcomes here, the marginal treatment effect 
for the binary outcome is discussed in Sect. 14.3.2. The nonlinear regression of the 
conditional treatment effect is specified as: 

. log
P(Y = 1|Z,X)

1 − P(Y = 1|Z,X)
= α + βZ + γX , (14.2)
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where .P(Y = 1|Z,X) = E(Y |Z,X), and . β̂ is the log of the OR of the treatment 

Z conditional on the covariates X, thus .~ORX = eβ̂ . Naimi and Whitcomb (2020) 
studied the methods of estimating RR and RD in a generalized linear model. When 
the log link is applied, the nonlinear regression is: 

. log(P (Y = 1|Z,X)) = α + βZ + γX , (14.3) 

where the . eβ̂ is the conditional RR. Additionally, the RD is estimated by the 
following model: 

.P(Y = 1|Z,X) = α + βZ + γX , (14.4) 

where . β̂ is the conditional RD between treatment groups. Although using the iden-
tity link in regression to estimate RD is convenient for obtaining point estimates and 
standard errors, issues of non-convergence are commonly encountered, especially 
when the number of covariates being adjusted for is relatively large compared to the 
sample size. Applying an identity link to a binary outcome in studying treatment 
effects leads to a paucity of information, and this gap becomes more apparent 
if more covariates are included in the outcome model. Therefore, based on the 
strategies of RD estimation proposed by Naimi and Whitcomb (2020) and the 
variance estimation approach of covariate adjustment with unconditional treatment 
effects discussed by Colantuoni and Rosenblum (2015), we suggested employing 
an identity link in the Gaussian family for the point estimate of the RD and using a 
bootstrap or sandwich variance estimator to obtain a robust standard error. 

14.3.2 G-computation 

There are two concerns regarding regression-based covariate adjustment: one is 
the lack of straightforward interpretability of the estimates from generalized linear 
models when the outcome is a binary variable, and the other is that regression-based 
covariate adjustment does not apply when estimating marginal RR and RD is of 
interest (Austin et al., 2010; Steingrimsson et al., 2017). These two concerns were 
not addressed until Moore and van der Laan (2009) proposed the G-computation 
estimator, which separates treatment effect estimation from outcome modeling. The 
G-computation targets the marginal treatment effects, is derived from the targeted 
maximum likelihood estimation, and is proved to be a consistent estimator of 
the average treatment effect that is robust to model misspecification within the 
setting of RCTs that are without confounding issues (Moore & van der Laan, 
2009). Although G-computation was originally proposed to address the concerns 
of covariate adjustment when binary outcomes are of interest, G-computation’s 
favorable consistency property was later extended to continuous outcomes in 
canonical generalized linear models (Bartlett, 2018). Steingrimsson et al. (2017)
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further explained in detail the steps of applying the G-computation estimator and 
emphasized the superior performance of the G-computation compared to ANCOVA 
logistic regression for its independence from the model assumptions. 

The concept of G-computation is to use an outcome model fitted to the entire 
sample to estimate the two possible outcomes, .Y |Z = 1 and .Y |Z = 0, for each 
subject, regardless of which group they are assigned to. The average of the potential 
outcomes given .Z = 1 and the average of the potential outcome given . Z = 0
are then applied to estimate the treatment effect difference, such as OR, RR, and 
RD. Thus, the first step is to model the relationship between the outcome and the 
covariates, which is the same regression approach discussed in Sect. 14.3.1. In the  
case of continuous outcome, the regression model is formulated as: 

.E(Y = 1|Z,X) = α + βZ + γX (14.5) 

The estimates of the regression coefficients, denoted as .α̂, β̂, γ̂ , are obtained by 
fitting the above model and are then used to estimate the potential outcomes under 
.Z = 1 and .Z = 0, respectively. Assume the sample includes N subjects in total 
and . xi indicates the covariates information for the subject .i (i = 1, . . . , N). The  
estimated potential outcome under treatment(.z = 1) and control(.z = 0) for each 
subject is specified as: 

.Ŷ z
i = g(X = xi, Z = z) = α̂ + β̂ · z + γ̂ · xi (14.6) 

Consequently, the average treatment effect .θ = E(Y |Z = 1) − E(Y |Z = 0) is 
estimated as 

.θ̂ =
E

ĝ(X = xi, z = 1)

N
−

E

ĝ(X = xi, z = 0)

N
=

E

Ŷ 1
i

N
−

E

Ŷ 0
i

N
(14.7) 

Similar procedures can be used for binary outcomes, for example, we perform 
logistic regression on all N subjects to obtain estimates of the parameters .α̂, β̂ and 
. γ̂ as below: 

. log
( P(Y = 1|Z,X)

1 − P(Y = 1|Z,X)

) = α + βZ + γX (14.8) 

Then we plug them into the model to estimate the probability of .Y = 1 for each 
subject in the condition of .Z = z (z = 0, 1). 

. log
( πz

i

1 − πz
i

) = α̂ + β̂ · z + γ̂ · xi , (14.9) 

where .πz
i = P̂ (Y = 1|Z = z,X = xi) (z = 0, 1). Therefore, the estimated OR is
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.~OR = (
E

π1
i /N)/(1 − E

π1
i /N)

(
E

π0
i /N)/(1 − E

π0
i /N)

(14.10) 

The estimated RR is 

.~RR =
E

π1
i /N

E

π0
i /N

(14.11) 

The estimated RD is: 

.~RD =
7

π1
i /N −

7

π0
i /N (14.12) 

The step of modeling the outcome is to determine the estimated parameters, 
while the treatment effect is calculated by estimating the potential outcome for 
each subject. This separation of modeling and treatment effect estimation has 
noticeable advantages. Specifically, regression method is more likely to encounter 
nonconvergence in the estimation of RD while G-computation can avoid this 
issue (Tackney et al., 2023). The interpretations of binary estimates that were 
highly anchored with model assumptions are also addressed by this separation 
(Steingrimsson et al., 2017). However, the inference from the G-computation is 
sensitive to the sample size, which implies that the consistency of the estimates 
does not hold for small sample sizes due to the inherent property of the M-estimator 
(Fay & Graubard, 2001; Stefanski & Boos, 2002). 

14.3.3 IPTW 

The inverse probability treatment weighting (IPTW) method originated in observa-
tional studies to mitigate chance imbalances by imposing individual weights. The 
weights that play an adjustment role are determined by propensity score. In their 
seminal work, Rosenbaum and Rubin (1983) noted that the propensity score was 
capable of equalizing the distributions of confounders between treatment groups. 
Therefore, before being used to address covariate imbalance in RCTs, the propensity 
score method was widely used in observational studies where covariate imbalance 
was more likely to be observed (Rosenbaum & Rubin, 1983; Williamson et al., 
2014; Shen et al., 2014; Zeng et al., 2020). Williamson et al. (2014) discussed 
the advantages of adopting the propensity score concept in RCTs and identified 
propensity score analysis as a method for covariate adjustment in RCTs, later 
known as the IPTW method. Since propensity score estimation is based on baseline 
covariates, which implies that imbalances are dealt with at the stage of propensity 
score estimation, the IPTW approach generates individualized weights and enables 
covariate adjustment by including propensity scores (Tackney et al., 2023).
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IPTW is usually posited in the potential outcomes framework with the observed 
outcome .Yi = ZiY

1
i + (1 − Zi)Y

0
i , where . Y

1
i and . Y 0

i are the potential outcomes 
under .Z = 1 and .Z = 0. For each patient, the baseline covariates to be adjusted can 
be expressed as .X = (X1, X2, ..., Xk), where k covariates are pre-specified. The 
marginal treatment effect of interest is: 

.τ = E(Y 1
i − Y 0

i ) = μ1 − μ0 (14.13) 

Before estimating the marginal treatment effect, the propensity score modeling 
should be conducted first. The main purpose of modeling the relationship between 
treatment and covariates is to obtain the propensity score, which is defined as the 
probability of being assigned to a treatment group, i.e., .e(X) = P(Z = 1|X), where 
X denotes the set of target covariates and Z identifies the group to which the subjects 
belong (Rosenbaum & Rubin, 1983). Specifically, the propensity score model can 
be expressed as: 

. log(
e(X)

1 − e(X)
) = β0 + β1 · X1 + . . . + βk · Xk , (14.14) 

where the model is fitted by the entire sample. Therefore, the predicted value of 
probability being distributed to the treatment group for each subject is 

.ê(xi) = P(Zi = 1|X = xi) = exi
T β̂

1 + exi
T β̂

, (14.15) 

where . xi denotes the observed information about prespecified baseline covariates 
for subject i. The weight imposed on each patient is generated by . wi = 1(Zi =
1) ·1/ê(xi)+1(Zi = 0) ·1/(1− ê(xi)). For patients in treatment group .Z = 1 and in 
control group .Z = 0, the weights are .w1(xi) = 1/ê(xi) and .w0(xi) = 1/(1− ê(xi)), 
respectively. Then, the marginal treatment effect .τiptw can be estimated as: 

. ̂τiptw = μ̂1 − μ̂0

=
EN

i=1 Ziw1(xi)Yi
EN

i=1 Ziw1(xi)
−

EN
i=1(1 − Zi)w0(xi)Yi

EN
i=1(1 − Zi)w0(xi)

=
EN

i=1 ZiYi/ê(xi)
EN

i=1 Zi/ê(xi)
−

EN
i=1(1 − Zi)Yi/(1 − ê(xi))

EN
i=1(1 − Zi)/(1 − ê(xi))

(14.16) 

This is also known as the Hájek estimator, which normalizes the weights, i.e., the 
sum of the weights within a set is equal to 1. Weight normalization decreases 
the variance and results in a more stable estimate of the treatment effect (Robins 
et al., 2000; Hirano et al., 2003). The aforementioned equation applies when Y is a 
continuous outcome, or when RD is chosen as the estimation target as Y is a binary 
outcome. Zeng et al. (2020) proposed that if RR and OR are chosen as the target
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estimators for a binary outcome, .~RR = log(μ̂1/μ̂0) and .~OR = log( μ̂1/(1−μ̂1)

μ̂0/(1−μ̂0)
). 

Williamson et al. (2014) found that IPTW particularly favors RD and RR because 
the approach avoids the non-convergence problem. 

For standard error estimation, Williamson et al. (2014) suggested that the vari-
ance estimation of the IPTW method should consider the variation from estimating 
the propensity score. Since IPTW belongs to the class of M-estimator, its variance 
estimation when using the IPTW method highly depends on large sample properties 
(Stefanski & Boos, 2002). One commonly used method for variance estimation 
is bootstrap, which involves sampling multiple times from the original dataset, 
estimating the causal treatment effect each time, and calculating standard errors 
based on the sampling distribution of these point estimates. Similar to the M-
estimator, the validity of the variance estimation of bootstrap is ensured under a large 
sample size, and its performance under a small sample size (less than 100) is often a 
concern (Raad et al., 2020). Sandwich variance estimation is also applicable to the 
IPTW method because it accounts for uncertainty in the estimation of propensity 
scores (Lunceford & Davidian, 2004). 

IPTW, as a propensity score-based approach, can generalize RCTs to larger 
populations by accounting for selection bias (Loux & Huang, 2023). Another 
advantage is that one does not need to hesitate to worry about the treatment– 
covariate interactions because the procedures of IPTW do not involve modeling 
the relationship between outcomes and covariates (Tackney et al., 2023). However, 
the IPTW method is sensitive to extreme weights, which commonly exist in real-
world data. Applying extreme estimates of propensity scores is likely to lead to 
invalid causal effect estimates and an excessively large variance of the estimated 
causal treatment effect (Li et al., 2018a,b; Ma & Wang, 2020). Zeng et al. (2020) 
recommended the use of overlap weighting to address the problem of covariate 
imbalance in RCTs, as overlap weighting allows for exact mean balance and better 
performance in finite samples. To deal with extreme weights, the trimming method 
was proposed to exclude subjects with propensity scores outside a predetermined 
range, and the truncation method aimed to cap extreme propensity scores to a pre-
specified threshold (Cole and Hernán, 2008; Crump et al., 2009; Stürmer et al., 
2010). 

As a conclusion note, Koch et al. (1998) proposed a non-parametric ANCOVA 
method for covariate adjustment in randomized trials that avoids direct outcome 
modeling, and it has been shown that the method is asymptotically equivalent to the 
IPTW method (Lesaffre & Senn, 2003; Tsiatis et al., 2008). 

14.3.4 AIPTW 

Based on the concept of weighting to achieve covariate balance, augmented inverse 
probability of treatment weighting (AIPTW) involves both treatment assignment 
modeling and outcome modeling. Before the popularity of the AIPTW as an
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estimator of average treatment effect (ATE), many studies supported this estimator 
by discussing the theory behind it (Robins et al., 1994; Robins, 1999; Scharfstein 
et al., 1999). AIPTW incorporates the concepts of inverse weighting to achieve 
balance and modeling to estimate potential outcomes, and it is also considered 
an IPTW estimator augmented by regression. Robins et al. (1994) showed that the 
AIPTW estimator is semiparametric efficient and presents the smallest asymptotic 
variance compared to other estimators based on inverse weighting. Robins (1999) 
demonstrated that when the outcome model or propensity score model is correctly 
specified, AIPTW is consistent for ATE. Glynn and Quinn (2010) demonstrated the 
double robustness of AIPTW and its superior performance in reducing variance. The 
expression for the AIPTW estimator is: 

. ̂τaiptw = μ̂1,aiptw − μ̂0,aiptw

= 1

N

N
7

i=1

ll

ZiYi

ê(xi)
− (1 − Zi)Yi

(1 − ê(xi))

l

−
l

Zi − ê(xi)

ê(xi)
ĝ(xi, 1) + Zi − ê(xi)

(1 − ê(xi)
ĝ(xi, 0)

ll

(14.17) 

The first part of the formula within the summation is the IPTW estimator without 
normalization. The .ĝ(X = xi, z) are the estimated potential outcomes estimated 
by modeling the relationship between outcome and covariates and imputing the 
baseline covariate information contained within each patient, which is from the 
G-computation in Sect. 14.3.2. Thus, the AIPTW estimator can be thought of as 
an IPTW estimator that is augmented by incorporating an error term generated by 
the outcome model. The effect of the outcome model on AIPTW is captured in 
.ĝ(X = xi, z) from G-computation, while the effect of the propensity score model is 
revealed in .ê(xi). 

Since AIPTW is also an M-estimator, the variance measure should be based 
on the large-sample property (Stefanski & Boos, 2002). Lunceford and Davidian 
(2004) discussed the estimation of the variance of AIPTW, which has a good 
performance when using the bootstrap method in a sample with a large sample 
size but lacks efficiency when the sample size is small. Another feasible variance 
approximation method is the sandwich variance estimator, which is derived from 
the M estimation method and has been widely used (Fay & Graubard, 2001; 
Freedman, 2006). The inclusion of two models gives AIPTW double protection 
against model misspecification. The consistency for the marginal treatment effect 
of interest is maintained if at least one of these two models is correctly specified 
(Glynn & Quinn, 2010; Kurz, 2022; Tackney et al., 2023). However, AIPTW is 
sensitive to situations where both models are misspecified. Specifically, Kang and 
Schafer (2007) discussed an example of leading non-negligible bias due to an even 
inconsiderable misspecification of both the propensity score model and the outcome 
model.
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14.3.5 Relative Performance of Different Covariate Adjustment 
Methods 

In this section, we summarize the characteristics as well as the applicability of 
each method in Table 14.1, aiming to assist the readers in choosing the appropriate 
method of covariate adjustment for randomized clinical trials. The regression 
approach is a conditional inference procedure, while G-computation, IPTW, and 
AIPTW are all marginal approaches (Tsiatis et al., 2008; Morris et al., 2022; 
Tackney et al., 2023). This marginal base leads to the superior applications of 
these three approaches in the nonlinear modeling of unconditional treatment effects 
(e.g., RD, RR, and OR under binary outcomes). Specifically, G-computation, IPTW, 
and AIPTW are consistent with marginal treatment effects under both binary and 
continuous outcomes. In contrast, although the regression approach is consistent for 
the unconditional treatment effect defined as a mean difference, it is inconsistent 
for unconditional treatment effects given nonlinear regression, such as logistic 
regression and proportional hazards regression (Gail et al., 1984; Hauck et al., 1998; 
Tian et al., 2012; Wang et al., 2019; Jiang et al., 2019). Even though regression 
applies to inferring conditional treatment effects based on nonlinear models, it is 
difficult to interpret the conditional estimates when the outcome model is incorrectly 
specified (Wang et al., 2019; Jiang et al., 2019). Fortunately, if the model is correct, 
the target unconditional treatment effect then can be indirectly derived from the 
coefficient observed via the correctly specified regression (Jiang et al., 2019). 

Table 14.1 Comparison of the properties of four approaches 

Property Regression G-computation IPTW AIPTW 

Type of Inference Conditional Marginal Marginal Marginal 

Involve Outcome 
Model 

Yes Yes No Yes 

Involve PS 
Modela 

No No Yes Yes 

Doubly robust No No No Yes 

M-estimator No Yes Yes Yes 

Sample size 
requirement 

Relatively 
Moderateb 

Large Large Large 

Separate 
adjustment from 
estimation 

No Yes Yes Yes 

SE estimation glmc output; 
Bootstrap; 
Sandwich 

Delta Method; 
Bootstrap; 
Sandwich 

Bootstrap; 
Sandwich 

Bootstrap; 
Sandwich 

a The propensity score model that determines the probability of being assigned to the treatment 
group 

b Regression is less sensitive to small sample sizes compared to the other three approaches 
c glm function in stats package in R
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Another disadvantage of the regression method is that the conditional regression 
on binary outcome often leads to the problem of non-convergence when choosing 
RD and RR, resulting from the not relatively large sample size compared to the 
number of covariates in the model, which is avoided with the other three methods. 
Therefore, G-computation, IPTW, and AIPTW are pleasant alternatives for binary 
outcomes, especially when the unconditional treatment effect is of interest, as 
they address the issues of interpretability and non-convergence that often occur in 
implementing the regression method. In contrast, as regression can tolerate model 
misspecification under linear regression, the regression approach is favorable for 
the conditional treatment effect and allows taking higher terms of covariates into 
the model, which helps explore subgroup effects and individual information. The 
inconsistent inference of unconditional and conditional treatment effect can be 
explained by non-collapsibility, which accounts for the non-negligible difference 
between the unconditional and conditional inference when targeting OR and HR 
(Daniel et al., 2021; Didelez & Stensrud, 2022; FDA,  2023). Therefore, pre-
specification of the target treatment effect is suggested, and the choice of covariate 
adjustment should be based on the decision of the treatment of interest FDA (2023). 

Except for the regression approach, the other three are within the counterfactual 
framework and include the consideration of potential outcomes. Even if the G-
computation does not include the propensity score mode, this approach estimates 
the potential outcomes with an outcome model and separates the treatment effect 
estimation and outcome modeling. IPTW and AIPTW take covariate imbalances 
into account when estimating weights and further balance the distribution of 
covariates by applying individualized weights to each subject. Along with the 
estimation of weights, the issue of extreme weights might increase the variance of 
the treatment effect estimation and even make the causal inference invalid, which 
inspired much research on handling extreme weights (Li et al., 2018a,b; Ma &  
Wang, 2020). In comparison, the regression approach integrates the modeling and 
covariates adjustment by directly adding covariates into the outcome model and thus 
is more straightforward. G-computation separates the treatment effect estimation 
from the outcome modeling, where the covariate adjustment is conducted. A feature 
of G-computation is that it can tolerate parametric model assumptions that are 
hard to verify before conducting clinical trials (Steingrimsson et al., 2017). IPTW 
adjusts the covariates in the stage of estimating propensity scores and measures 
treatment effect with the weights determined by propensity score, which is free of 
outcome modeling. AIPTW is similar to IPTW but more advanced, specifically, 
AIPTW augments the IPTW by adding a correction term including the estimation 
of the potential outcome. Therefore, AIPTW is considered as the combination of G-
computation and weighting concepts and thus has the conducive property of double 
robustness. As long as either the propensity score model or the outcome model is 
correctly specified, the AIPTW approach is valid and consistent for the treatment 
effect estimation (Glynn & Quinn, 2010). 

Despite AIPTW being a doubly robust estimator, its performance and SE 
derivation are highly based on sample size. Similar characteristics are in G-
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computation and IPTW because they belong to the class of M-estimator, and the 
inferences are given a large sample theory (Stefanski & Boos, 2002; Raad et al., 
2020). Although the bias from the regression approach is expected to increase as the 
sample size becomes smaller, the other three are more sensitive to extremely small 
sample sizes. In terms of the standard error estimation, the regression approach 
allows extracting standard error from the output when the conditional treatment 
effect and the unconditional mean outcome are of interest. However, to handle non-
converge issues when modeling linear regression on binary outcomes, bootstrap, 
and Sandwich variance estimators are robust approaches (Naimi & Whitcomb, 
2020). For G-computation, IPTW, and AIPTW, since they belong to the class of 
M-estimator, they are more likely to rely on the bootstrap or Sandwich variance 
estimator to obtain valid SE (Freedman, 2006; Williamson et al., 2014; Raad et al., 
2020; Zeng et al., 2020; Yang et al., 2021). And delta method is an alternative 
parametric method to derive asymptotic variance for G-computation (Oehlert, 1992; 
Morris et al., 2022). In the comparison of variance estimation, AIPTW is expected 
to present a smaller asymptotic variance due to its property of double robustness, 
of which the superiority was demonstrated through simulation (Robins et al., 1994; 
Glynn & Quinn, 2010; Kurz, 2022). 

Before performing covariate adjustment, pre-specification of the target treatment 
effect, i.e., conditional or marginal, is suggested, and the choice of covariate 
adjustment method should be based on the decision of treatment effect metrics 
(FDA, 2023). The choice of estimand is often anchored with the aim of the primary 
analysis. Overall treatment effect, namely the efficacy of a new treatment for the 
entire population, is often of interest. Therefore, our attention is on the marginal 
treatment effect, whereas the conditional treatment effect is conducive when the 
treatment effects of specific subgroups are of interest (FDA, 2023). In addition, 
based on the decision of endpoint and the features of methods, a valid covariate 
adjustment method should also be determined. The third thing that needs to be pre-
specified is the covariates to be adjusted, which are recommended to include the 
prognostic factors that have a strong association with the outcome. Details on how 
to choose proper covariates are discussed in Sect. 14.5. 

14.4 Review of Software 

To help apply covariate adjustment methods in practice, we review some R 
packages, as summarized in Table 14.2. To apply the regression approach, we 
can use the glm function from stats package in R to fit logistic regression for 
binary outcome, linear regression for continuous outcome, Poisson regression for 
count outcome, and also ANCOVA regression for both categorical and continuous 
outcomes. Covariate adjustment is achieved by adding the covariates to be adjusted 
as independent variables in the regression model, and the coefficients and their 
SE corresponding to the treatment variables from the R output are taken as the
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magnitude of the conditional treatment effect and its precision, respectively. glm 
also has the flexibility to add interaction terms and splines (R Core Team, 2023). 
For the G-computation approach, the stdReg function in the stdGlm package can 
be used to estimate the potential outcomes and give a direct estimate of the marginal 
treatment effect. The application of this package is based on modeling covariates 
and treatment effects on outcomes in the glm function (Sjölander, 2016; Sjölander & 
Dahlqwist, 2021). The weights obtained from the R packages developed for causal 
inference in observational studies can be used in the AIPTW and IPTW methods of 
covariates adjustment in RCTs. Therefore, the R packages for causal inference can 
be used when conducting IPTW and AIPTW methods. For example, PSW package 
is fairly effective under dichotomous treatment groups, and it includes robust 
variance estimation, propensity score estimation, covariate balance diagnostics, and 
propensity score distribution plots (Mao & Li, 2018). After setting up a propensity 
score model, psw function can output robust variance and marginal treatment effect 
estimates by choosing ATE weights and the PSweight package further generalized 
the application of AIPTW and IPTW to multiple treatment groups (Zhou et al., 
2022). 

In addition to the R packages derived from our reviewed methods, many 
researchers have contributed to the realization of covariate adjustment for different 
types of outcomes and other complex situations. The RobinCarpackage was 
designed for covariate adjustment in the estimation of marginal treatment effect 
based on G-computation and analysis of heterogeneous covariance (ANHECOVA), 
and it was also equipped to obtain asymptotically valid standard error (Ye et al., 
2022, 2023). Applications for continuous, binary, and time-to-event outcomes are 
provided in this package. The speff2trial package employs a semiparametric 
concept to estimate covariate-adjusted two-sample marginal treatment effects by 
using mean differences, log OR, and log HR as estimates corresponding to 
continuous, binary, and time-to-event outcomes (Juraska et al., 2022). Additionally, 
some packages apply specifically to ordinal endpoints and survival endpoints. The 
drord package can estimate marginal treatment effects for ordinal endpoints by 
quantifying outcomes as mean difference, log OR, and Mann–Whitney measure-
ment for individuals randomly assigned to a treatment group compared to those 
assigned to a control group (Benkeser, 2021; Benkeser et al., 2021). The survtmle 
package facilitates the measurement of marginal cumulative incidence in the context 
of survival problems with covariate adjustment, taking into account both competing 
and non-competing risks (Benkeser & Hejazi, 2017; Benkeser et al., 2017). 

The adjrct package also adjusts for covariates for time-to-event and ordinal 
outcomes but focuses on marginal restrictive mean survival time (RMST) and 
marginal survival probability for survival endpoints and restrictive mean log OR and 
Mann–Whitney measurements for ordinal outcomes to achieve double robustness of 
both outcome model and censoring model (Vermeulen et al., 2015; Díaz et al., 2016; 
Díaz et al., 2019; Díaz & Williams, 2021; Williams et al., 2022).
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14.5 Analysis Workflow and Key Considerations 

We divide the workflow into three steps: the design step, the analysis step, and the 
reporting step. 

Design Step First, the researcher should determine if covariate adjustment is 
appropriate for marginal estimand of interest. You may want to consider whether 
the covariates to be included in the adjustment are collected at baseline prior 
to randomization and treatment, prognostic, and/or strongly associated with the 
outcome of interest. If that is the case, it would result in efficiency gains. 

If covariate adjustment is deemed appropriate, the following should be presented 
in the statistical analysis plan (SAP) (*): 

• Describe the estimand of interest and whether it will be based on marginal or 
conditional treatment effect 

• The method for covariate adjustments 
• What covariates should be used 
• Determine the sample size based on the primary analysis 

For the kind of covariates that should be used, it is generally agreed upon that 
the number of covariates used for adjustments is small relative to the sample size 
(Tsiatis et al., 2008). In many situations, prior knowledge from the biomedical 
literature may be used to determine this. For running phase 3 studies, the choice 
of covariates could come from the findings of earlier phase trials, such as phase 2 
(FDA, 2023). 

Analysis Step The researcher will need to implement the pre-specified methods 
using the chosen software. Sensitivity analysis will be conducted to understand 
the robustness of the primary and secondary analysis results. Missing data also 
require careful consideration. In a randomized trial, the handling of missing baseline 
covariates is relatively simple if the treatment assignment is independent of the 
baseline covariates and the missingness mechanism (Van Lancker et al., 2023). 
In such instances, simple methods like mean imputation might suffice (White & 
Thompson, 2005). A large amount of missingness of certain baseline covariates 
could impact the precision gains, and they should be excluded (Benkeser et al., 
2021). 

For methods involving outcome models only, interaction terms are expected to 
be more efficient and informative in specifying outcome models, but the inclusion 
of interaction terms should refer to the primary aim of the trial (FDA, 2023). Higher 
terms, such as quadradic and higher terms, are also allowed to be included in the 
model if supported by previous knowledge. 

Reporting Step In reporting of the results of covariate adjustment analysis for 
randomized trials, we should follow guidelines such as CONSORT. Moreover, it 
should contain important aspects of the covariate adjustment analysis, similar to a 
propensity score analysis guideline (Yao et al., 2017).
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• In the methods section: 

– The rationale should be provided for adjusted analysis to be conducted 
– Explain the variable selection procedure used for the model if applicable 
– The (*) items mentioned in the analysis plan above 

• In the results section: 

– If adjusted analysis were conducted, sensitivity analysis should include 
unadjusted analysis 

– Should make clear which covariates were adjusted for the reported analyses 
– Should report the distribution of baseline characteristics for each group 
– Report the results from both unadjusted and adjusted analyses 

14.6 Case Study 

This section illustrates how these methods are applied in real practice based on the 
motivating example in Sect. 14.2. The Cancer and Leukemia Group B (CALGB) 
9633 dataset includes 335 records because some missing values are observed in 
covariates. The treatment group is adjuvant chemotherapy, and the control group 
is observation. Eight covariates were prognostic factors that strongly associated 
with recurrence after resection. For this illustration, we focus on binary outcome, 
an indicator of remaining alive within three years after the surgery, i.e., .Y = 1 if 
alive at 3 years after surgery and .Y = 0 otherwise. 

14.6.1 Data Preparation 

From the dataset, the binary outcome variable missed nine records of patients. This 
lack of records is because these subjects were last observed alive within 3 years 
of the start of follow-up, after which they were lost to follow-up. We removed 
these nine records and performed covariate adjustment analysis based on the data 
of 326 subjects. Other missing values in continuous and binary covariates are 
addressed respectively by imputation with average and binomial random sampling. 
For example, the covariate of tumor size lost seven records, and all the records 
are replaced by the average of tumor size among all the other subjects. The 
performance status covariate is a dichotomous variable; thus, all the non-missing 
subjects contribute to the estimated probability that the performance status is 1. 
This probability is then applied by binomial random sampling to update the missing 
values. Similar actions were taken for the indicators of symptoms and weight loss. 

The baseline characteristics in Table 14.3 present a relative balance between 
treatment and control groups. Specifically, the average age of subjects in the
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Table 14.3 Summary of baseline characteristics of the CALGB 9633 trial 

Adjuvant chemotherapy Observation Overall 

.N = 161 (%) .N = 165 (%) .N = 326 (%) 

Age (years) 

Mean (SD) 60.6 (6.94) 61.2 (9.29) 60.9 (9.60) 

Median [Min, Max] 61.0[34.0, 78.0] 62.0 [40.0, 81.0] 61.0 [34.0, 81.0] 

Sex 

Female 57 (35.4%) 60 (36.4%) 117 (35.9%) 

Male 104 (64.6%) 105 (63.6%) 209 (64.1%) 

Race 

Non-White 15 (9.3%) 20 (12.1%) 35 (10.7%) 

White 146 (90.7%) 145 (87.9%) 291 (89.3%) 

Histology 

Non-squamous 97 (60.2%) 101 (61.2%) 198 (60.7%) 

Squamous 64 (39.8%) 64 (38.8%) 128 (39.3%) 

Performance status 

0 88 (54.7%) 100 (60.6%) 188 (57.7%) 

1 73 (45.3%) 65 (39.4%) 138 (43.3%) 

Symptoms presence 

Yes 124 (77.0%) 123 (74.5%) 247 (75.8%) 

No 37 (23.0%) 42 (25.5%) 79 (24.2%) 

Weight loss (%) 

.≥5 33 (20.5%) 35 (21.2%) 68 (20.9%) 

.<5 128 (79.5%) 130 (78.8%) 258 (79.1%) 

Tumor size (cm) 

Mean (SD) 4.62 (2.06) 4.57 (2.06) 4.60 (2.06) 

Median [Min, Max] 4.00 [1.00,12.0] 4.00 [1.00, 12.00] 4.00 [1.00,12.0] 

CALGB 9633 sample is around 60 years old, and the average tumor size is around 
4.6 cm. The observation group included more people with good performance 
status (Performance Status=0) and non-White than the group receiving the adjuvant 
chemotherapy. 

14.6.2 Implementations of Methods 

After the data have been prepared, the methods reviewed and discussed in Sect. 14.3 
are implemented. To present how covariate adjustment contributes to treatment 
effect estimation, we provide an unadjusted case here, which is a direct regres-
sion without including any covariates. Regarding the approach for incorporating 
covariates into the outcome model, we simply add the eight covariates to the 
regression equation without including interactions or quadratic and cubic because
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we prespecify to concentrate on the marginal treatment effect. The interaction 
term of treatment by covariates is not our primary focus. If conditional treatment 
effects are targeted under a nonlinear model, attention should be paid to the model’s 
assumptions and interpretation of the results (FDA, 2023). 

When targeting binary outcome, OR, RR, and RD are the three most common 
measurements for studying the marginal treatment effect difference between two 
groups. In general, there is no preference for these three measurements when 
conducting covariate adjustment analysis in RCT, but strongly recommends a 
prespecified adjustment model (FDA, 2023). The choice of these measurements 
is personalized for each case. Taking the interpretations of interest, the baseline 
risk of the outcome, and the primary aim of the clinical trial into consideration is 
suggested. Although they are all derived from the risk of the outcome occurring, 
their interpretations and performances in the same study are different (Feng et al., 
2016). RD is a measure of absolute effect, usually interpreted as a difference in 
the risk of occurrence (Higgins et al., 2019). OR and RR are two relative effect 
measures, where OR is the ratio of the odds of an occurrence and RR is the ratio of 
the risk of an occurrence. Relative measures might overestimate the treatment effect 
difference, especially for rare diseases (Barratt et al., 2004; Higgins et al., 2019). 
While OR and RR are close when the occurrence of outcome is with low probability, 
incorrectly interpreting OR as RR will significantly exaggerate the effect size and 
mislead the conclusion in RCTs (Balasubramanian et al., 2015; Darzi et al., 2023). 
Therefore, a carefully prespecified measurement is encouraged and preferred before 
conducting covariate adjustment analysis. In this case study, we estimate one relative 
measure, i.e., OR, and one absolute measure, i.e., RD. 

14.6.2.1 Odds Ratio 

Figure 14.1 compares the performance of reviewed methods for evaluating OR 
in terms of p-value, point estimation, and confidence interval. Since AIPTW is 
applicable to mean differences and has limitations in generalization to relative 
measurement, we compare other methods when OR is of interest (Tackney et al., 
2023). Before covariate adjustment, the p-value for comparing the difference in 
treatment effect between the two groups implies no significant difference under 
significant level .α = 0.05. However, this finding is reversed after adjusting for 
covariates in the treatment effect estimation. All the methods present a p-value 
smaller than . α, and the confidence intervals are strictly below the line of .OR = 1. 

The point estimates of OR from these methods are all close to 0.57, except 
for the regression method slightly overestimates the effect difference compared to 
other methods with .ÔR Regression = 0.61. G-computation and IPTW methods have 
smaller SE and thus outperform regression method regarding precision. Confidence 
intervals express the same conclusions as p-values, i.e., the confidence intervals for 
these adjustments do not cross 1.
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Method 

Unadjusted 

SE 

Regression 
G−computation 

Odds Ratio (95% CI) 

IPTW 

P−value 

0.207 
0.198 
0.194 
0.194 

0.605 (0.362, 1.009) 
0.566 (0.335, 0.954) 
0.574 (0.345, 0.955) 
0.575 (0.346, 0.955) 

0.0544* 
0.0327 
0.0325 
0.0325 

0 0.5 1 1.5 

Adjuvant Chemotherapy Better Observation Better 

*Unadjusted without covariate adjustment, Regression direct regression method (logistic 

regression), G-computation G-computation approach, IPTW Inverse probability treatment 

weighting method. Except for the regression method, which targets the conditional OR, all 

other methods target the marginal OR. 

Fig. 14.1 The results of odds ratio estimation from multiple methods 

Method 
Unadjusted 

SE 

Regression 
G−computation 

Risk Difference (95% CI) 

IPTW 

P−value 

AIPTW 

0.047 
0.048 
0.047 
0.047 
0.047 

−0.092 (−0.185, 0.001) 
−0.102 (−0.195, −0.008) 
−0.102 (−0.193, −0.010) 
−0.101 (−0.193, −0.010) 
−0.101 (−0.193, −0.010) 

0.0515* 
0.0335 
0.0303 
0.0300 
0.0303 

−0.25−0.2−0.15−0.1−0.05 0 0.05 0.1 

Adjuvant Chemotherapy Better Observation Better 

*Unadjusted without covariate adjustment, Regression direct regression method (logistic 

regression), G-computation G-computation approach, IPTW Inverse probability treatment 

weighting method, AIPTW Augmented inverse probability treatment weighting method. 

Fig. 14.2 The results of marginal risk difference estimation from multiple methods 

14.6.2.2 Risk Difference 

By comparing the performances of methods in estimating RD, we can involve the 
AIPTW method since RD is an absolute measurement and can be well estimated. 
One of the obvious disadvantages of the regression approach in estimating RD is 
that convergence is not guaranteed when many covariates are included in a nonlinear 
regression model. To address this problem of non-convergence, we use the Gaussian 
family and identity link function in a generalized linear model to obtain point 
estimates and the bootstrap method to get the standard errors (Naimi & Whitcomb, 
2020). 

Figure 14.2 shows that covariate adjustment turns over the conclusion before 
considering covariates. The p-value in the unadjusted case is slightly over the 
significant level . α, while all methods reduce the p-values to below .α = 0.05, 
and AIPTW adjusts the most. This similar pattern can be observed in confidence 
intervals. The original test would conclude that the adjuvant chemotherapy does not 
lead to a statistically significant improvement over observation in terms of risk of 
disease recurrence; however, after adjustment for covariates, adjuvant chemotherapy



14 Covariate Adjustment in Analyzing Randomized Clinical Trials:. . . 441

becomes a statistically effective treatment compared to observation at the significant 
level .α = 0.05. 

The performances of IPTW and G-computation are close in terms of p-value, 
point estimate, and standard error. In this case study, not adjusting for covariates 
would have underestimated the role of adjuvant chemotherapy in reducing the risk 
of surviving less than 3 years. The variance of estimation is also minimized by 
applying IPTW, G-computation, and AIPTW. 

14.7 Discussion 

Covariate adjustment in RCT can address the chance imbalances in covariates, 
improve efficiency, and empower treatment effect inference. To direct the imple-
mentation of covariate adjustment analysis, we reviewed regression, G-computation, 
IPTW, and AIPTW methods in terms of their application for continuous outcomes 
and binary outcomes. To assist statisticians and clinical trialists in selecting 
appropriate approaches for different real-world situations, we further compared the 
relative performance and the properties of these four approaches. AIPTW has a 
relatively small asymptotic variance and has the advantage of double robustness, 
which allows for either the outcome model or propensity score model to be correctly 
specified (Robins et al., 1994; Robins, 1999; Glynn & Quinn, 2010; Kurz, 2022). 
Although the regression approach has limitations in terms of marginal treatment 
effects, especially for non-continuous endpoints, this approach is convenient for 
accessing variance and is simple to compute (Jiang et al., 2019; Agresti & Kateri, 
2011). Overall, there is no one dominant approach that applies to all situations, but 
it is worth discussing which approach is better suited to a specific situation. We 
also reviewed some useful R packages that assist in estimating treatment effects 
and corresponding standard errors by taking into account covariate adjustment. 
Although we did not discuss other types of outcomes, covariate adjustments for 
time-to-event outcomes and ordinal outcomes in RCTs are supported by the R 
packages that we have reviewed. 

To further provide a clear stream for conducting covariate adjustment analysis 
in RCT, we presented a workflow that incorporates a design phase, an analysis 
phase, and a reporting phase. In line with the focus of the FDA guidance, we 
discussed the inclusion of covariates, the missingness of data, the consideration 
of interaction terms or higher terms, and the informative reporting of analysis 
results (FDA, 2023). In addition, we illustrated the methods and software we have 
investigated by applying them to real-world data examining the benefits of adjuvant 
chemotherapy in patients with stage 1B resected NSCLC. The binary outcome was 
predetermined as the primary endpoint of interest, and one relative measure (OR) 
and one absolute measure (RD) were considered. The performance of these methods 
was also evaluated in comparison. 

In this book chapter, we did not discuss in depth the survival endpoint, which is 
also a common endpoint in RCTs, especially in oncology, and has been studied
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by other researchers extensively (Hernández et al., 2006; Benkeser et al., 2021; 
Momal et al., 2023). Hernández et al. (2006) concluded that the covariate adjustment 
for the survival endpoint could also yield power and simultaneously control for 
Type I error rate. Furthermore, sample size calculations that consider covariate 
adjustments have not been fully discussed. Sample size is expected to be reduced 
after covariate adjustment; however, the exact method of sample size determination 
has not been sufficiently explored. Some of these topics could be potential future 
research directions. 

Acknowledgments Dr. Wang is partially supported by NIA grant R01AG066883 and FDA grant 
U01FD007934. Dr. Pang is partially supported by a grant from the FDA HHSU01 FD007206. 

References 

Agresti, A., & Kateri, M. (2011). Categorical data analysis. Springer. 
Austin, P. C., Manca, A., Zwarenstein, M., Juurlink, D. N., & Stanbrook, M. B. (2010). A 

substantial and confusing variation exists in handling of baseline covariates in randomized 
controlled trials: a review of trials published in leading medical journals. Journal of Clinical 
Epidemiology, 63(2), 142–153. 

Balasubramanian, H., Ananthan, A., Rao, S., & Patole, S. (2015). Odds ratio vs risk ratio in 
randomized controlled trials. Postgraduate Medicine, 127(4), 359–367. PMID: 25746068. 

Barratt, A., Wyer, P. C., Hatala, R., McGinn, T., Dans, A. L., Keitz, S., Moyer, V., & for, G. G. 
(2004). Tips for learners of evidence-based medicine: 1. relative risk reduction, absolute risk 
reduction and number needed to treat. Canadian Medical Association Journal, 171(4), 353– 
358. 

Bartlett, J. W. (2018). Covariate adjustment and estimation of mean response in randomised trials. 
Pharmaceutical Statistics, 17(5), 648–666. 

Benkeser, D. (2021). drord: Doubly-Robust Estimators for Ordinal Outcomes. R package version 
1.0.1. 

Benkeser, D., Carone, M., & MtGilbert, P. B. (2017). Improved estimation of the cumulative 
incidence of rare outcomes. Statistics in Medicine, 37(2), 280–293. 

Benkeser, D., Díaz, I., Luedtke, A., Segal, J., Scharfstein, D., & Rosenblum, M. (2021). Improving 
precision and power in randomized trials for COVID-19 treatments using covariate adjustment, 
for binary, ordinal, and time-to-event outcomes. Biometrics, 77(4), 1467–1481. 

Benkeser, D., & Hejazi, N. (2017). survtmle: Targeted Minimum Loss-Based Estimation for 
Survival Analysis in R. 

Chernozhukov, V., Chetverikov, D., Demirer, M., Duflo, E., Hansen, C., Newey, W., & Robins, 
J. (2018). Double/debiased machine learning for treatment and structural parameters. The 
Econometrics Journal, 21(1), C1–C68. 

Colantuoni, E., & Rosenblum, M. (2015). Leveraging prognostic baseline variables to gain 
precision in randomized trials. Statistics in Medicine, 34(18), 2602–2617. 

Cole, S. R., & Hernán, M. A. (2008). Constructing inverse probability weights for marginal 
structural models. American Journal of Epidemiology, 168(6), 656–664. 

Crump, R. K., Hotz, V. J., Imbens, G. W., & Mitnik, O. A. (2009). Dealing with limited overlap in 
estimation of average treatment effects. Biometrika, 96(1), 187–199. 

Daniel, R., Zhang, J., & Farewell, D. (2021). Making apples from oranges: Comparing noncol-
lapsible effect estimators and their standard errors after adjustment for different covariate sets. 
Biometrical Journal, 63(3), 528–557.



14 Covariate Adjustment in Analyzing Randomized Clinical Trials:. . . 443

Darzi, A. J., Busse, J. W., Phillips, M., Wykoff, C. C., Guymer, R. H., Thabane, L., Bhandari, M., 
Chaudhary, V., Sivaprasad, S., Kaiser, P., Sarraf, D., Bakri, S. J., Garg, S. J., Singh, R. P., Holz, 
F. G., Wong, T. Y., for the Retina Evidence and Trials INternational Alliance (RETINA) Study 
Group. (2023). Interpreting results from randomized controlled trials: What measures to focus 
on in clinical practice. Eye, 37(15), 3055–3058. 

Díaz, I., Colantuoni, E., Hanley, D. F., & Rosenblum, M. (2019). Improved precision in the analysis 
of randomized trials with survival outcomes, without assuming proportional hazards. Lifetime 
Data Analysis, 25(3), 439–468. 

Didelez, V., & Stensrud, M. J. (2022). On the logic of collapsibility for causal effect measures. 
Biometrical Journal, 64(2), 235–242. 

Diggle, P. J., Heagerty, P. J., Liang, K.-Y., & Zeger, S. L. (2002). Analysis of longitudinal data. 
Oxford University Press. 

Díaz, I., Colantuoni, E., & Rosenblum, M. (2016). Enhanced precision in the analysis of 
randomized trials with ordinal outcomes. Biometrics, 72(2), 422–431. 

Díaz, I., & Williams, N. (2021). adjrct: Efficient estimators for survival and ordinal outcomes in 
RCTs without proportional hazards and odds assumptions. R package version 0.1.0.9000. 

European Medicines Agency. (2015). Guideline on adjustment for baseline covariates in clinical 
trials. 

Fay, M. P., & Graubard, B. I. (2001). Small-sample adjustments for Wald-type tests using sandwich 
estimators. Biometrics, 57(4), 1198–1206. 

FDA. (2023). Adjusting for covariates in randomized clinical trials for drugs and biological 
products. 

Feng, C., Wang, H., Wang, B., Lu, X., Sun, H., & Tu, X. M. (2016). Relationships among three 
popular measures of differential risks: relative risk, risk difference, and odds ratio. Shanghai 
Archives of Psychiatry, 28(1), 56–60. 

Freedman, D. (2006). On the so-called “Huber-Sandwich Estimator” and “Robust Standard 
Errors”. The American Statistician, 60, 299–302. 

Gail, M., Wieand, S., & Piantadosi, S. (1984). Biased estimates of treatment effect in randomized 
experiments with nonlinear regressions and omitted covariates. Biometrika, 71(3), 431–444. 

Glynn, A., & Quinn, K. (2010). An introduction to the augmented inverse propensity weighted 
estimator. Political Analysis, 18, 36–56. 

Greenland, S., Pearl, J., & Robins, J. M. (1999). Confounding and collapsibility in causal inference. 
Statistical Science, 14(1), 29–46. 

Hauck, W. W., Anderson, S., & Marcus, S. M. (1998). Should we adjust for covariates in nonlinear 
regression analyses of randomized trials? Controlled Clinical Trials, 19(3), 249–256. 

Hernán, M. A., Hernández-Díaz, S., & Robins, J. M. (2004). A structural approach to selection 
bias. Epidemiology, 15(5), 615–625. 

Hernández, A. V., Eijkemans, M. J., & Steyerberg, E. W. (2006). Randomized controlled trials with 
time-to-event outcomes: How much does prespecified covariate adjustment increase power? 
Annals of Epidemiology, 16(1), 41–48. 

Hernández, A. V., Steyerberg, E. W., & Habbema, J. F. (2004). Covariate adjustment in randomized 
controlled trials with dichotomous outcomes increases statistical power and reduces sample size 
requirements. Journal of Clinical Epidemiology, 57(5), 454–460. 

Higgins, J. P., Li, T., & Deeks, J. J. (2019). Choosing effect measures and computing estimates of 
effect (chapter 6, pp. 143–176). John Wiley & Sons. 

Hirano, K., Imbens, G. W., & Ridder, G. (2003). Efficient estimation of average treatment effects 
using the estimated propensity score. Econometrica, 71(4), 1161–1189. 

Jiang, F., Tian, L., Fu, H., Hasegawa, T., & Wei, L. J. (2019). Robust alternatives to ANCOVA for 
estimating the treatment effect via a randomized comparative study. Journal of the American 
Statistical Association, 114(528), 1854–1864. 

Juraska, M., Gilbert, P. B., Lu, X., & Zhang, M. (2022). speff2trial: Semiparametric efficient 
estimation for a two-sample treatment effect. R package version 1.0.5.



444 J. Liu et al.

Kahan, B. C., Jairath, V., Doré, C. J., & Morris, T. P. (2014). The risks and rewards of covariate 
adjustment in randomized trials: An assessment of 12 outcomes from 8 studies. Trials, 15(1), 
139. 

Kang, J. D. Y., & Schafer, J. L. (2007). Demystifying double robustness: A comparison of 
alternative strategies for estimating a population mean from incomplete data. Statistical 
Science, 22(4), 523–539. 

Katz, A., & Saad, E. D. (2009). CALGB 9633: An underpowered trial with a methodologically 
questionable conclusion. Journal of Clinical Oncology, 27(13), 2300–2302. 

Koch, G. G., Tangen, C. M., Jung, J.-W., & Amara, I. A. (1998). Issues for covariance analysis of 
dichotomous and ordered categorical data from randomized clinical trials and non-parametric 
strategies for addressing them. Statistics in Medicine, 17(15–16), 1863–1892. 

Kurz, C. F. (2022). Augmented inverse probability weighting and the double robustness property. 
Medical Decision Making, 42(2), 156–167. PMID: 34225519. 

Lesaffre, E., & Senn, S. (2003). A note on non-parametric ANCOVA for covariate adjustment in 
randomized trials. Statistics in Medicine, 22(23), 3583–3596. 

Li, F., Morgan, K. L., & Zaslavsky, A. M. (2018a). Balancing covariates via propensity score 
weighting. Journal of the American Statistical Association, 113(521), 390–400. 

Li, F., Thomas, L. E., & Li, F. (2018b). Addressing extreme propensity scores via the overlap 
weights. American Journal of Epidemiology, 188(1), 250–257. 

Lin, W. (2013). Agnostic notes on regression adjustments to experimental data: Reexamining 
Freedman’s critique. The Annals of Applied Statistics, 7(1), 295–318. 

Loux, T., & Huang, Y. (2023). The uses of propensity scores in randomized controlled trials. 
Observational Studies, 9(1), 77–85. 

Lunceford, J. K., & Davidian, M. (2004). Stratification and weighting via the propensity score 
in estimation of causal treatment effects: a comparative study. Statistics in Medicine, 23(19), 
2937–2960. 

Ma, X., & Wang, J. (2020). Robust inference using inverse probability weighting. Journal of the 
American Statistical Association, 115(532), 1851–1860. 

Mao, H., & Li, L. (2018). PSW: Propensity score weighting methods for dichotomous treatments. 
R package version 1.1.3. 

Momal, R., Li, H., Trichelair, P., Blum, M., & Balazard, F. (2023). More efficient and inclusive 
time-to-event trials with covariate adjustment: A simulation study. Trials, 24, 380. 

Moore, K. L., & van der Laan, M. J. (2009). Covariate adjustment in randomized trials with binary 
outcomes: Targeted maximum likelihood estimation. Statistics in Medicine, 28(1), 39–64. 

Morris, T., Walker, A., Williamson, E., & White, I. (2022). Planning a method for covariate 
adjustment in individually randomised trials: A practical guide. Trials, 23(1), 328. 

Naimi, A. I., & Whitcomb, B. W. (2020). Estimating risk ratios and risk differences using 
regression. American Journal of Epidemiology, 189(6), 508–510. 

Oehlert, G. W. (1992). A note on the delta method. The American Statistician, 46(1), 27–29. 
R Core Team. (2023). R: A Language and environment for statistical computing. R Foundation for 

Statistical Computing. 
Raad, H., Cornelius, V., Chan, S., Williamson, E., & Cro, S. (2020). An evaluation of inverse 

probability weighting using the propensity score for baseline covariate adjustment in smaller 
population randomised controlled trials with a continuous outcome. BMC Medical Research 
Methodology, 20(1), 70. 

Robins, J. (1986). A new approach to causal inference in mortality studies with a sustained 
exposure period—application to control of the healthy worker survivor effect. Mathematical 
Modelling, 7(9), 1393–1512. 

Robins, J. M. (1999). Robust estimation in sequentially ignorable missing data and causal inference 
models. In Proceedings of the American Statistical Association Section on Bayesian Statistical 
Science (pp. 6–10). American Statistical Association. 

Robins, J. M., Hernán, M. Á., & Brumback, B. (2000). Marginal structural models and causal 
inference in epidemiology. Epidemiology, 11(5), 550–560.



14 Covariate Adjustment in Analyzing Randomized Clinical Trials:. . . 445

Robins, J. M., Rotnitzky, A., & Zhao, L. P. (1994). Estimation of regression coefficients when some 
regressors are not always observed. Journal of the American Statistical Association, 89(427), 
846–866. 

Rosenbaum, P., & Rubin, D. (1983). The central role of the propensity score in observational 
studies for causal effects. Biometrika, 70(1), 41–55. 

Scharfstein, D. O., Rotnitzky, A., & Robins, J. M. (1999). Adjusting for nonignorable drop-out 
using semiparametric nonresponse models. Journal of the American Statistical Association, 
94(448), 1096–1120. 

Shen, C., Li, X., & Li, L. (2014). Inverse probability weighting for covariate adjustment in 
randomized studies. Statistics in Medicine, 33(4), 555–568. 

Sjölander, A. (2016). Regression standardization with the r package stdreg. European Journal of 
Epidemiology, 31(6), 563–574. 

Sjölander, A., & Dahlqwist, E. (2021). stdReg: Regression standardization. R package version 
3.4.1. 

Stefanski, L. A., & Boos, D. D. (2002). The calculus of m-estimation. The American Statistician, 
56(1), 29–38. 

Steingrimsson, J. A., Hanley, D. F., & Rosenblum, M. (2017). Improving precision by adjusting 
for prognostic baseline variables in randomized trials with binary outcomes, without regression 
model assumptions. Contemporary Clinical Trials, 54, 18–24. 

Strauss, G. M., Herndon, J. E., Maddaus, M. A., Johnstone, D. W., Johnson, E. A., Harpole, D. H., 
Gillenwater, H. H., Watson, D. M., Sugarbaker, D. J., Schilsky, R. L., Vokes, E. E., & Green, 
M. R. (2008). Adjuvant paclitaxel plus carboplatin compared with observation in stage ib non– 
small-cell lung cancer: Calgb 9633 with the cancer and leukemia group b, radiation therapy 
oncology group, and north central cancer treatment group study groups. Journal of Clinical 
Oncology, 26(31), 5043–5051. PMID: 18809614. 

Stürmer, T., Rothman, K. J., Avorn, J., & Glynn, R. J. (2010). Treatment effects in the presence 
of unmeasured confounding: dealing with observations in the tails of the propensity score 
distribution–a simulation study. American Journal of Epidemiology, 172(7), 843–854. 

Tackney, M. S., Morris, T., White, I., Leyrat, C., Diaz-Ordaz, K., & Williamson, E. (2023). A 
comparison of covariate adjustment approaches under model misspecification in individually 
randomized trials. Trials, 24(1), 14. 

Tian, L., Cai, T., Zhao, L., & Wei, L. (2012). On the covariate-adjusted estimation for an overall 
treatment difference with data from a randomized comparative clinical trial. Biostatistics 
(Oxford, England), 13, 256–273. 

Tsiatis, A. A., Davidian, M., Zhang, M., & Lu, X. (2008). Covariate adjustment for two-
sample treatment comparisons in randomized clinical trials: A principled yet flexible approach. 
Statistics in Medicine, 27(23), 4658–4677. 

Turner, E. L., Perel, P., Clayton, T., Edwards, P., Hernández, A. V., Roberts, I., Shakur, H., & 
Steyerberg, E. W. (2012). Covariate adjustment increased power in randomized controlled 
trials: an example in traumatic brain injury. Journal of Clinical Epidemiology, 65(5), 474–481. 

Van Lancker, K., Bretz, F., & Dukes, O. (2023). The use of covariate adjustment in randomized 
controlled trials: An overview. arXiv:2306.05823. 

Vermeulen, K., Thas, O., & Vansteelandt, S. (2015). Increasing the power of the Mann-Whitney 
test in randomized experiments through flexible covariate adjustment. Statistics in Medicine, 
34(6), 1012–1030. 

Wang, B., Ogburn, E. L., & Rosenblum, M. (2019). Analysis of covariance in randomized trials: 
More precision and valid confidence intervals, without model assumptions. Biometrics, 75(4), 
1391–1400. 

Wei, L., & Zhang, J. (2001). Analysis of data with imbalance in the baseline outcome variable for 
randomized clinical trials. Drug Information Journal, 35(4), 1201–1214. 

White, I. R., & Thompson, S. G. (2005). Adjusting for partially missing baseline measurements in 
randomized trials. Statistics in Medicine, 24(7), 993–1007.



446 J. Liu et al.

Williams, N., Rosenblum, M., & Díaz, I. (2022). Optimising precision and power by machine 
learning in randomised trials with ordinal and time-to-event outcomes with an application to 
covid-19. Journal of the Royal Statistical Society: Series A (Statistics in Society), 185(4), 2156– 
2178. 

Williamson, E. J., Forbes, A., & White, I. R. (2014). Variance reduction in randomised trials by 
inverse probability weighting using the propensity score. Statistics in Medicine, 33(5), 721– 
737. 

Yang, L., & Tsiatis, A. A. (2001). Efficiency study of estimators for a treatment effect in a pretest– 
posttest trial. The American Statistician, 55(4), 314–321. 

Yang, S., Li, F., Thomas, L. E., & Li, F. (2021). Covariate adjustment in subgroup analyses 
of randomized clinical trials: A propensity score approach. Clinical Trials, 18(5), 570–581. 
PMID: 34269087. 

Yao, X. I., Wang, X., Speicher, P. J., Hwang, E. S., Cheng, P., Harpole, D. H., Berry, M. F., Schrag, 
D., & Pang, H. H. (2017). Reporting and guidelines in propensity score analysis: A systematic 
review of cancer and cancer surgical studies. JNCI: Journal of the National Cancer Institute, 
109(8), djw323. 

Ye, T., Shao, J., Yi, Y., & Zhao, Q. (2022). Toward better practice of covariate adjustment in 
analyzing randomized clinical trials. Journal of the American Statistical Association, 0(0), 1– 
13. 

Ye, T., Yi, Y., Bannick, M., & Bian, F. (2023). RobinCar: Robust estimation and inference for 
covariate-adaptive randomization. R package version 0.1.1. 

Yuan, S., Zhang, H. H., & Davidian, M. (2012). Variable selection for covariate-adjusted 
semiparametric inference in randomized clinical trials. Statistics in Medicine, 31(29), 3789– 
3804. 

Zeng, S., Li, F., Wang, R., & Li, F. (2020). Propensity score weighting for covariate adjustment in 
randomized clinical trials. Statistics in Medicine, 40(4), 842–858. 

Zhou, T., Tong, G., Li, F., Thomas, L., & Li, F. (2022). PSweight: Propensity score weighting for 
causal inference with observaitonal studies and randomized trials. R package version 1.1.8. 

Jiajun Liu is a PhD student in the Biostatistics program at 
Duke University. Before pursuing her doctoral studies, Jiajun 
earned her master’s degree in biostatistics and a bachelor’s degree 
in mathematics. Currently immersed in the world of statistical 
methodologies applied to medical fields and health sciences, she 
is interested in studying clinical trials, causal inference, and 
covariate adjustment. Driven by a passion for addressing real-
world problems and making a positive impact on public health, 
Jiajun is actively involved in collaborative research projects and 
aims to contribute more rigorous and valuable insights that will 
assist other statisticians and clinical trialists.



14 Covariate Adjustment in Analyzing Randomized Clinical Trials:. . . 447

XiaofeiWang is a Professor of Biostatistics and Bioinformatics at 
Duke University School of Medicine and the Director of Statistics 
for Alliance Statistics and Data Center. He received a PhD in 
Biostatistics from the University of North Carolina at Chapel Hill 
in 2003. In the past 20 years, he has been involved in design 
and analysis of cancer clinical trials and translational studies for 
Alliance/CALGB and Duke Cancer Institute. His methodology 
research has been funded by NIH and FDA with focus on adaptive 
clinical trials with integrated biomarkers for patient selection 
and enrichment, statistical methods for predictive and diagnostic 
medicine, and integrative methods for analyzing patient data 
assembled from multiple sources. He is an Associate Editor for 
Statistics in Biopharmaceutical Statistics and an elected fellow for 
American Statistical Association (ASA). 

Herbert (Herb) Pang is an Expert Statistical Scientist (technical 
Sr. Director level equivalent) in PD Data Sciences, Genen-
tech/Roche. Herb obtained his MBA from Hong Kong University 
of Science and Technology, PhD in Biostatistics from Yale, and 
BA in Mathematics and Computer Science from Oxford. He 
was formerly a tenured Associate Professor at the University 
of Hong Kong (HKU). His research interests include RWE for 
drug development, machine learning, biomarker discovery, and 
the design and analysis of clinical trials. Herb is currently a PI on 
an FDA grant under the NIH U01 mechanism on RWE. He is also 
a member of the ASA Biopharmaceutical section RWE working 
group and Chair of the ASA Biopharmaceutical section Distance 
Learning committee. Herb remains as an Honorary Associate 
Professor at HKU and is also an adjunct faculty at Duke.




